Background: The purpose/aim of this study was to 1) use magnetic resonance diffusion tensor imaging (DTI), fibre bundle/tract-based spatial statistics (TBSS) and machine learning methods to study changes in the white matter (WM) structure and whole brain WM network in different periods of the nasopharyngeal carcinoma (NPC) patients after radiotherapy (RT), 2) identify the most discriminating WM regions and WM connections as biomarkers of radiation brain injury (RBI), and 3) supplement the understanding of the pathogenesis of RBI, which is useful for early diagnosis in the clinic. Methods: A DTI scan was performed in 77 patients and 67 normal controls. A fractional anisotropy map was generated by DTIFit. TBSS was used to find the region where the FA differed between the case and control groups. Each resulting FA value image is registered with each other to create an average FA value skeleton. Each resultant FA skeleton image was connected to feature vectors, and features with significant differences were extracted and classified using a support vector machine (SVM). Next, brain segmentation was performed on each subject's DTI image using automated anatomical labeling (AAL), and deterministic white matter fiber bundle tracking was performed to generate symmetrical brain matrix, select the upper triangular component as a classification feature. Two-sample t-test was used to extract the features with significant differences, then classified by SVM. Finally, we adopted a permutation test and ROC curves to evaluate the reliability of the classifier. Results: For FA, the accuracy of classification between the 0-6, 6-12 and > 12 months post-RT groups and the control group was 84.5, 83.9 and 74.5%, respectively. In the case groups, the FA with discriminative ability was reduced, mainly in the bilateral cerebellum and bilateral temporal lobe, with prolonged time, the damage was aggravated. For WM connections, the SVM classifier classification recognition rates of the 0-6, 6-12 and > 12 months post-RT groups reached 82.5, 78.4 and 76.3%, respectively. The WM connections with discriminative ability were reduced. Conclusions: RBI is a disease involving whole brain WM network anomalies. These brain discriminating WM regions and WM connection modes can supplement the understanding of RBI and be used as biomarkers for the early clinical diagnosis of RBI.
Background
Nasopharyngeal carcinoma (NPC) is a common cancer with a high incidence among head and neck malignant tumours in southern China [1] . Radical radiotherapy (RT) is the first-choice treatment. However, RT may cause radiation brain injury (RBI), which is the most serious complication [2] . RBI can be roughly divided into three stages according to the time of occurrence: the acute reaction period, the early delayed radiation period and the late delayed radiation period. Injuries of the late delayed radiation period are often irreversible [3] . RT-induced cognitive impairment significantly decreases the quality of life of NPC patients [4] [5] [6] . RBI is most prominent in cognition, memory, and emotion [7] . How to detect RBI early, before conventional CT and MRI images appear abnormal, is the key problem to improve the quality of life and prognosis of NPC patients.
Diffusion tensor imaging (DTI) is the only technology that can evaluate the microstructural and morphological changes of white matter (WM) fibres in vivo and has been widely used in the study of the histomorphology and pathology of the central nervous system (CNS) associated with RT [8, 9] . In general, the damage to WM in RBI is greater than that to grey matter (GM). The blood supply of the WM is relatively scarce. After exposure, the blood vessels are damaged, and ischaemic necrosis easily occurs [10] . Therefore, most of the studies related to RBI are focused on WM, for which decreased fractional anisotropy (FA) values indicate loss of WM integrity. FA was one of the most commonly DTI parameter, which was used to quantify the degree of contrained water diffusion along the axons and myelin. However, the exact physiopathology of RBI is still unknown.
Previous studies are traditionally based on group-level comparisons [11, 12] . Due to the different research techniques and sample sizes, different studies often yield inconsistent or even contrary results. In contrast, the machine learning method has been used widely in brain image analysis, can extract additional information and stable patterns from brain image data, and can identify or distinguish patients from normal persons at the individual level, identifying biomarkers based on neuroimaging data [13] [14] [15] . We hypothesized that based on the whole brain DTI data, machine learning method could separate NPC patients post-RT from normal persons at the individual level and further explore the pathophysiological mechanism of RBI. FA value and WM integrity might be able to discriminate patients of different month, and these FA value and WM integrity would be selected as the features in classification. To the best of our knowledge, the present study is the first to use DTI, tract-based spatial statistics (TBSS) and machine learning methods to examine dynamic changes in the whole brain WM microstructure and WM network situation, selecting the most discriminating WM regions and WM connections in NPC patients after RT.
Methods

Patients
The present study included 77 patients (54 males, 23 females; aged between 25 and 59 years; mean age, 45 years) with pathologically confirmed NPC, and the normal control group contained 67 cases. All patients underwent fractionated RT for the first time with three-dimensional conformal and intensity-modulated techniques (total dose/fraction dose/exposures, 66-74 Gy/1.8-2.0 Gy/30-35 times). Prior to MRI examinations, it was validated that the patients exhibited no intracranial tumours or intracranial invasion. Patients with high blood pressure, diabetes, heart disease, WM degeneration or vascular lesions were excluded.
Normal subjects constituted the control group, the same exclusion criteria that applied to RT subjects were applied to controls (i.e. hypertension, diabetes, heart disease, WM degeneration, vascular lesions). Traditionally, according to time of completion of RT, neurological impairment induced by RT can be described in terms of acute injury (few days to weeks), early delayed injury (1 to 6 months) and late delayed injury (> 6 months) [16] . So in our study, post-RT patients were divided into three groups according to the stage of RBI: acute reaction period, early delayed radiation period and late delayed radiation period: Group 1 (0-6 months post-RT, n = 30); group 2 (> 6-12 months post-RT, n = 20); and group 3 (> 12 months post-RT, n = 27). No statistically significant differences were identified among the groups according to age or sex. Demographic and clinical data are presented in Table 1 . The present study was approved by the Institutional Review Board and was conducted under strict adherence to the Privacy Rules of The Health Insurance Portability and Accountability Act. All individuals included were fully informed of the purpose, methods and precautions of the trial, and written informed consent was obtained from all participants. 
Image analysis
Images obtained in DICOM format were first converted to ANALYZE. The four-dimensional diffusion tensor image was then aligned with the first volume using McFlirt (FSL tool) (FMRIB analysis set; Oxford University, Oxford, UK) to eliminate head motion errors. Then, the eddy current-induced distortion of the aligned diffusion tensor image was corrected using affine registration with eddy current correction (FSL tool) (Oxford University). After completing these preprocesses, the obtained images were brain extracted using the FSL Brain Extraction Tool (BET) (Oxford University) and diffusion tensor models were fitted at each voxel using DTIFit (FMRIB Software Library's Diffusion Toolbox) (Oxford University) to generate images of FA. Using TBSS, voxel-wise cross-participant comparisons were made between the FA profile of the NPC patient and the control participants to identify discrete regions of WM abnormalities. First, the target image was determined by aligning each participant's FA image with each of the other images to determine the most representative theme. The target image was then normalized to the MNI 152 standard space using affine transformation. All other participants were then first aligned to the target image and then aligned to a 1 × 1 × 1 mm MNI 152 space, and nonlinear registration was achieved using FNIRT (FSL tool). This process created an average FA skeleton that represents the centre of all regions that were common to the group. Aligned FA data (NPC patients and control participants) from all individual participants were projected onto the FA skeleton, and the resultant data were used for voxel classification.
Brain segmentation
Brain segmentation is an important step in network construction. In this paper, the brain image is segmented by using the automated anatomical labeling (AAL) method to cover each subject's DTI brain. This method divides the brain into 116 small brain regions, including 90 brain regions and 26 brain regions of the cerebellum. First, the T1 image is registered to the b0 image by linear registration of rotation and translation in the diffusion tensor space. The registered T1 image is then registered to the T1 image in the standard MNI space, and the resulting transformation matrix is inverted, and then the AAL template is transformed from the MNI space to the diffusion tensor space using the inverse matrix. This gives the AAL template for each participant.
White matter fiber bundle tracking
Deterministic white matter fiber bundle tracking using the FACT algorithm in TrackVis software (http://www. Trackvis.org).
Network construction
Combine the a and b results to generate a brain connection matrix. Each brain region is treated as a region of interest (ROI), called a node, so node v can be described as ROI(v). The connection between the two nodes ROI(v) and ROI(u) is defined as the edge e = (v, u). We define the weight w(e) of each edge e as the number of fibers between ROI(v) and ROI(u). So for each participant, we get a symmetric 116 × 116 matrix. To remove the diagonal component, we choose the upper triangular component (6670 elements) as the classification feature.
Classification
For FA value, the FA skeleton image was first connected to the feature vectors and combined into rows in the large feature matrix. We extracted the FA skeleton matrix from the large feature matrix, leaving a non-zero feature. However, the remaining non-zero feature dimensions are still too high for direct classification, and due to registration errors and image noise, the distinguishing features are masked by useless features. Reducing the dimension of the feature space not only speeds up the calculation, but also improves the classification performance. And this study used a simple and effective two-sample t-test to select the most discriminating features.
In machine learning methods, feature selection is usually accompanied by feature reduction. As an unsupervised nonlinear dimensionality reduction algorithm, local linear embedding (LLE) can obtain low-dimensional embedding while maintaining the intrinsic structure of data due to its nonlinearity, geometric intuition and computational feasibility [17] . In this study, LLE was used to reduce the dimension of the feature space to a more manageable level. In the classification section, we chose support vector machines (SVMs) as our classification algorithm because they are flexible for overfitting, allow for the extraction of feature weights, and are often used for neuroimaging studies and often used for neuroimaging studies [18] .
For brain WM connections, we first used a two-sample t-test to extract features with significant differences between groups. Then, using local linear embedding (LLE) for nonlinear feature extraction, the feature dimension is reduced to a more controllable degree. Finally, the support vector machine (SVM) is used for classification.
We used the leave-one-out cross validation (LOOCV) strategy to estimate the generalization rate (GR) of the SVM classifier in this study due to the limited sample size, assuming a total of N patients. In each fold of the LOOCV, N-1 patients are selected to train the SVM classifier, and the remaining patient is left to test the classifier. In each fold of LOOCV, we used a two-sample t-test to select the most significantly different D features for N-1 trained patients first. Then, LLE was performed to reduce the feature space dimension from D to d. The results were used to train the SVM classifier, and the remaining patient was used to evaluate classifier performance by comparing the classification results to the ground truth class label. Since there are N samples, the classifier is trained and tested N times in the LOOCV strategy. Based on the results of LOOCV, sensitivity (SS), specificity (SC) and GR are used to quantify the performance of the classifier. SS represents the proportion of patients correctly classified, and SC represents the proportion of controls that are correctly classified. The overall proportion of correctly classified samples is represented by GR. Using the SVM prediction score for each participant as a threshold, a receiver operating feature (ROC) curve was constructed to further estimate the performance of our classifier. In addition, GR was used as a statistic to apply a permutation test to assess the statistically significant level of the observed classification accuracy. The class labels of the training data are randomly permuted, and then cross-validate each group of label-permuted data. The entire permutation process was repeated 10,000 times.
Results
FA. The accuracy of classification between the 0-6, 6-12 and > 12 months post-RT groups and the control group was 84.5, 83.9 and 74.5%, respectively (Table 2) . Compared with the control group, in the 0-6 months post-RT group, the FA values in the brain regions with discriminative ability were reduced, mainly in the bilateral cerebellum, . With prolonged time after RT, the damage was aggravated, and the number of brain areas that had the most discriminative ability increased gradually.
Whole brain WM connections. 0-6 months post-RT group and control group: the SVM classifier classification recognition rate reached 82.5% (SS = 83.3%, SC = 83.3%; P < 0.0001); 6-12 months post-RT group and control group: the SVM classifier classification recognition rate reached 78.4% (SS = 76.7%, SC = 76.7%; P < 0.0001); > 12 months post-RT group and control group: the SVM classifier classification recognition rate reached 76.3% (SS = 80%, SC = 80%; P < 0.0001) ( Table 3) . Compared with the control group, in each post-RT group, the brain WM connections (consistency) with discriminative ability were reduced (Figs. 6, 7 and 8 ).
Discussion
The present study is the first to use DTI-TBSS along with a machine learning method to explore dynamic changes in the whole brain WM microstructure and WM network. The results showed that the WM microstructure damage produced in NPC involved bilateral temporal lobe and bilateral cerebellar multiple brain regions, which had the ability to identify disease, and each of the three groups could be distinguished from the control group, achieving a higher recognition rate.
The FA values of the most disease-discriminating brain region were reduced, indicating that the WM integrity had been damaged. Previous studies have demonstrated that FA values are reduced significantly after brain RT [8, [19] [20] [21] , and DTI could serve as a potential biomarker for the assessment of radiation-induced long-term white matter injury [22] . Brain oedema, demyelination of nerve GR generalization rate, SS sensitivity, SC specificity, PT permutation test, 0-6 m = post radiotherapy 0-6 months; 6-12 m = post radiotherapy 6-12 months; > 12 m = post radiotherapy > 12 months; vs versus fibres and destruction of myelin lead to a decrease in FA [9] . These WM microstructural changes were complex and dynamic. In the present study, with prolonged time after RT, the damage was aggravated, and the number of brain areas that had the most discriminative ability increased gradually. The most discriminating WM regions which underwent microstructural injury were mainly located in the temporal lobe and bilateral cerebella, probably because the regions were near the radiation fields and vulnerable to radiation damage. These results were consistent with previous research [11, 12] . However, in contrast to those reports, our results showed that the overall trend of radiation damage increased with the duration of RT rather than showing gradual recovery. At the early stage following RT, the injuries occurred in the bilateral cerebellum, and there was no significant damage in the temporal WM. Most likely, the integrity of the temporal WM did not appear to cause significant damage which could distinguish diseases early, the integrity of the temporal WM did not appeared significant damage, so that it did not have the ability to distinguish diseases at individual level. And the surrounding normal WM may have undergone a compensatory phenomenon, which offset some of the temporal WM damage. With the accumulation of time, the WM damage in the temporal lobe and cerebella gradually became significant, the number of the most discriminating WM regions increased, and the damage was most likely difficult to reverse. This may explain why radiation-induced encephalopathy has a long incubation period of up to 5.4 years [23] . From our results, we learned that WM injury is a gradual and irreversible process: the longer the time, the heavier the damage. To a certain extent, the brain tissue could not repair or compensate for these injuries, which would lead to the occurrence of RBI. Previous studies showed that, in addition to injuring the temporal lobe, radiation induced extensive damage to the brain, including the frontal and parietal lobes [24, 25] . In the present study, there was no observation of WM damage in the extensive brain regions, possibly because in the machine learning method, the WM destruction in other brain regions did not achieve a higher ability to differentiate and identify RBI at the individual level. This is the advantage of the machine learning method relative to traditional statistical methods at the group level. The method can eliminate Fig. 4 The permutation distribution of the estimate (repetition times: 10,000). a Post-RT 0-6 months versus the control classification. b Post-RT 6-12 months versus the control classification. c Post-RT > 12 months versus the control classification. X-and Y-labels represent the generalization rate and occurrence number, respectively. GR0 is the generation rate obtained by the classifier trained on the correct class labels the interference caused by the differences in the sample size and the statistical approaches and then extract the most discriminating WM regions (which may be used as biomarkers of the disease), thereby facilitating clinical diagnosis and treatment. This research was the first time to introduce machine learning method into RBI of NPC, which is the innovation of this research. Most of the brain WM regions that were feasible for disease differentiation and identification appeared on the left side, which may be related to the more frequent occurrence of NPC on the left side in the present study.
According to reports in the literature, microscopic damage in normal-appearing WM, as indexed by lower FA, was related to poor intellectual outcome [26] and cognitive disability [27] . The decline in visual spatial executive ability, memory, attention, cognitive function, social function and auditory function may be related to the decreased FA value in the temporal gyrus WM [5, 28] . The decline in the ability to regulate cognitive function and memory may be related to the decreased FA value in the cerebellar hemisphere WM, and emotional disorders may be related to the decreased FA value in the WM of the vermis of the cerebellum [29, 30] and may explain the decline in NPC patient memory, visual space execution, hearing, naming function and significant anxiety and depression after RT [4, 7, 31] . The damage to the WM in these brain regions may be the pathological basis of neural network abnormalities, cognitive decline, and affective disorders.
A previous study used resting-state functional magnetic resonance imaging (rs-fMRI) to perform a short-term follow-up of 39 patients with a new diagnosis of NPC, and found that the brain function network connection pattern can be used as a biological marker to monitor RBI [7] . According to the idea of structure determining function, the most reliable way to assess brain function is to understand the anatomical structure of the brain and its potential brain circuits. Therefore, studying the anatomical network between regions of WM can supplement the understanding of pathophysiological mechanism of RBI, and it is of great significance to explore the neurological basis of cognitive dysfunction after RT. A study has also shown that the GM volume of NPC is significantly impaired after RT [25] , and we speculated that WM connections between GM are significantly damaged. In this study, we used a machine learning method and DTI to explore the changes in the WM anatomic network in NPC patients after RT. The first step was using a deterministic fibre tracing method to reconstruct the fibre bundle and extracting the whole brain WM network. In the second step, we used the machine learning method to extract the most discriminating WM connections and explored the dynamic changes of the WM network in different periods following RT. The present study was the first to regard the brain WM connection pattern and its connection strength as a feature to classify NPC patients after RT, which is the innovation of this investigation.
Our study found that the WM network of NPC patients in different periods after RT had changed dynamically. Patients could be distinguished from normal controls based on the whole brain WM connection and achieved certain recognition rates, namely, 82.5, 78.4 and 76.3%, respectively. The strength of the most discriminating connection was reduced. Our results suggested that RBI can be regarded as an abnormal disease of the WM structural network. Perhaps the destruction of these structural networks and the reduction in their connections can explain some of the patients' clinical manifestations and cognitive impairment. These results, to a certain extent, further demonstrated that RBI is a disease related to the abnormal WM network of the whole brain. The high classification rate showed that a stable group difference between NPC patients after RT and the control group could be detected. The abnormal WM connection in these networks may be the cause of neuropsychological cognitive impairment in NPC patients. Within one year after RT, the number of WM connections with a significant reduction increased with time, and after a year, the number was reduced. This finding indicated that after a period of progressive aggravation, the destruction of the WM connection in the whole brain can be gradually restored, which may be related to the compensation and self-repair of the whole brain network. Perhaps, new brain WM connections are established. Brainstem dose is almost always a concern in radiation planning, in our analysis, the brainstem was included but changes in FA values were not significant. Previous research showed brainstem toxicity was reduced in patients treated with static Intensity-modulated radiotherapy (IMRT) (0.07%) and dynamic IMRT (0.08%) [32] . We speculated that due to the application of IMRT, the brain stem has been rarely damaged by radiation, which is consistent with previous research. These findings might provide therapeutic guidance for clinicians in radiation planning.
There are some limitations to this study. First, all of our NPC patients were treated with concurrent chemotherapy, and there was a certain difference in the dosage of the drug. How to exclude or quantify the effect of chemotherapeutic drugs on brain WM needs further study. Second, this study was a prospective cross-sectional study, and the next step requires a larger cohort study to explore changes in the dynamic effects of RT. Third, the present research lacked behavioural data. Next, we need to improve the mental and cognitive scale of subjects.
Conclusion
In this study, the results revealed that groups in different periods post-RT and a control group can be distinguished from each other and can achieve a high recognition rate. The most serious and disease-discriminating brain regions were mainly located in the bilateral temporal and cerebellar WM, and the WM damage was gradually aggravated with time. At the same time, RBI was a disease exhibiting whole brain WM network anomalies. The strength of the consistent ability to discriminate disease (WM connections) was reduced and may cause cognitive dysfunction. Moreover, these brain discriminating WM regions and WM connection modes can supplement the understanding of RBI and can be used as biomarkers for the early clinical diagnosis of RBI. Fig. 7 The permutation distribution of the estimate using an SVM with a Gaussian radial basis kernel function (repetition times: 10,000). a Classification of 0-6 months post-RT versus controls. b Classification of 6-12 months post-RT versus controls. c Classification of > 12 months post-RT versus controls. X-and Y-labels represent the generalization rate and occurrence number, respectively. GR0 is the generation rate obtained by the classifier trained on the correct class labels. With the generalization rate as the statistic, this figure reveals that the classifier learned the relationship between the data and the labels with a probability of being incorrect of 0.0001
